Eye movements help to infer the cognitive strategy that a person uses in fluid intelligence tests. However, intelligence tests demand different relations/rules tokens to be solved, such as rule direction, which is the continuation, variation or overlay of geometric figures in the matrix of the intelligence test. The aim of this study was to understand whether eye movements could predict the outcome of an intelligence test and in the rule item groups. Furthermore, we sought to identify which measure is best for predicting intelligence test scores and to understand if the rule item groups use the same strategy. Accordingly, 34 adults completed a computerized intelligence test with an eye-tracking device. The toggling rate, that is, the number of toggles on each test item equalized by the item latency explained 45% of the variance of the test scores and a significant amount of the rule tokens item groups. The regression analyses also indicated toggling rate as the best measure for predicting the score and that all the rule tokens seem to respect the same strategy. No correlation or difference were found between baseline pupil size and fluid intelligence. Wiener Matrizen-Test 2 was demonstrated to be a good instrument for the purpose of this study. Finally, the implications of these findings for an understanding of cognition are discussed.
INTRODUCTION
Research has shown that psychophysiological measures can be employed as predictors of fluid intelligence (Schlagenhauf et al., 2013; Finn et al., 2015; Friedal et al., 2015) , including aspects of ocular movement analysis such as pupillometry (Hayes and Petrov, 2016) , scanpath (Hayes et al., 2015) and strategy (Vigneau et al., 2006) . Fluid intelligence (Gf) refers to problem-solving capacities as well as identifying relationships and drawing inferences under novel conditions, especially those that do not rely on or require the minimal amount of previously acquired knowledge; that is, when there are not enough schemes, habits and knowledge to respond to demands. In essence, Gf is the ability to solve new problems through reasoning (Horn and Blankson, 2012; Schneider and McGrew, 2012) .
Eye movement analysis during Gf tasks has helped in understanding problem-solving (Thibaut and French, 2016; Vendetti et al., 2017) . This type of data is very beneficial for understanding the strategies individuals employ to solve a task and identify the best strategy (Bethell-Fox et al., 1984; Hayes et al., 2015) . The strategy can be inferred though eye movements. According to previous studies, eye gaze behavior can reflect a cognitive strategy (Snow, 1980; Bethell-Fox et al., 1984) . Bethell-Fox et al. (1984) suggested that two types of strategies exist in analogy tasks with multiple alternatives: constructive matching and response elimination. The strategy of constructive matching involves solving the exercise first and then moving on to the alternatives. On the contrary, response elimination involves making multiple comparisons between the alternatives and the analogy question in an attempt to eliminate the answers that do not fit the model. In their study, Bethell-Fox et al. (1984) aimed to explore the differences of the individuals in the performance of a geometric analogies task. To obtain these data, 28 subjects took a geometric analogies task (i.e., A is to B as C is to "?") with multiple alternatives by utilizing a computer equipped with eye-tracking. They analyzed the fixation count and the fixation sequence between the three boxes of the analogy question and the alternatives. In the eye-tracking analysis, it was expected that the strategy of response elimination would have larger amounts of alternations/re-inspections between the analogy question and the alternatives than the constructive matching strategy. These data were satisfactory when revealing the distinction between the strategies by means of eyetracking; however, the data was limited because of the eyetracking technology of the time. Their results suggested that constructive matching is a better strategy than response elimination. Vigneau et al. (2006) tested these strategies for matrix intelligence tests and, as expected, obtained the same results. Their objective was to understand, with the help of eye-tracking, the cause of individual differences in a matrix-based intelligence test. In their study of Vigneau et al. (2006) , developed three groups of eye-tracking measures; refer to the measures in the discussion of the method. The three groups were as follows: measures of alternation between interest areas (an alteration of the measures of Bethell-Fox et al., 1984) ; time on interest areas; and a measure of time distribution in the matrix cells, which is referred to as the Matrix Time Distribution Index (MTDI). In intelligence tests, these alternations/re-inspections between the matrix and the alternatives were called toggles. The authors also commented that with these measures it would be possible to replicate the findings of Bethell-Fox et al. (1984) concerning the strategies. However, time on matrix-based intelligence tests instead of analogy tasks demonstrated more toggles would indicate a bigger reliance on response elimination strategy and fewer toggles would suggest a constructive matching strategy (Vigneau et al., 2006) . The results also suggested that MTDI, a measure of matrix inspection, would be the best predictor for high scores in the matrix-based intelligence test.
Although there are several matrix intelligence tests, Raven's Advanced Progressive Matrices (RAPM) has been employed in the majority of studies (Vigneau et al., 2006; Hayes et al., 2011; Vakil and Lifshitz-Zehavi, 2012) . RAPM has been most often used to infer problem-solving strategies from the analysis of eye movements. This may be explained by the fact that this test is more common than others (Kaplan and Saccuzzo, 2008) . However, RAPM may not be the best test for analyzing eye movements because the test was not developed with a consideration for rules, even though there are signs that RAPM follows various rules (Carpenter et al., 1990) . Rules, in matrix-based intelligence tests, can be defined as distinct relations that must be made by the person so as to reach the correct answer (Carpenter et al., 1990 ) An example of a rule is the relation of an element that will increase or decrease in each column or row; an example thereof is the lines to the left of the triangles, which are portrayed in Figure 1 .
Rules can be an excellent way of arriving at a superior understanding of the strategies that a person employs to solve a test question. Furthermore, tests designed based on rules can be better than RAPM for eye-tracking studies since there is better control of the intervenient variables. One test that was developed by taking rules into consideration is the Wiener Matrizen-Test 2 (WMT-2). WMT-2 is a matrix-based Gf test. It has a 3 × 3 matrix with the ninth cell missing and eight possible alternatives on the right. Each item of the test has a rule that subjects the subject have to to complete the matrix. WMT-2 was designed to evaluate three tokens: rule type, which is the continuation, variation or overlay of geometric figures; rule direction, which is the variation in direction of geometric figures, whether horizontal, vertical or a combination of both; and graphic component nature, which is the variation in shape, number, pattern or spatial arrangement of the graphic elements of geometric figures (Schlottfeldt and Malloy-Diniz, 2014) .
One advantage of WMT-2 arises from the combination of the approaches of the Rasch Model and linear logistic test model during the item selection phase in test development. This enables the developer to add those cognitive operations for solving items to the total item difficulties. This rationality addresses item resolution so as to understand cognitive abilities and thus, facilitates description and hypothesizing regarding the schemas and strategies utilized by respondents (Formann and Piswanger, 1979; Reif, 2012) . These properties are valid for both paper-andpencil and computerized versions of WMT-2, making it a better measure for computer protocols (Formann et al., 2011; MalloyDiniz and Schlottfeldt, in press ). At present, several studies have employed WMT-2 as a Gf measure (e.g., Hergovich and Arendasy, 2005; Flegr et al., 2012) , especially in German-speaking countries (Ingold et al., 2015) .
The aim of this study was to understand whether eye movements and strategy can predict the outcome of an intelligence test and in particular, in the rule tokens item groups. Attempts were also made to identify which measure is more superior for predicting intelligence test scores and to understand if the rules item groups respect the same strategy or if there are any differences. 
MATERIALS AND METHODS

Subjects
A total of 34 university students (20 women) were recruited from Mackenzie Presbyterian University in São Paulo, Brazil to participate in the study. Their ages (M = 21.10, SD = 2.15) ranged from 18 to 28 years, and they had normal or corrected-to-normal vision.
Stimuli
Participants were shown 21 trials of WMT-2, namely, three practice examples and 18 real test questions as well as the test instructions. WMT-2 has a 3 × 3 matrix with eight possible answers on the right (see Figure 1) . Inside of Matrix AOI, there are 9 cells; cells 1-8 have the figures with the variations/rules and the ninth cell is empty. Items 1, 2, 3, and 5 represent the rule type item group; items 4, 6, 7, 9, and 10 depict the rule direction item group; and item 8 along with items 11-18 portray the graphic component nature item group (Schlottfeldt and Malloy-Diniz, 2014) . The computerized version of the test was employed. Each test page had 1366 × 786 pixels. Before the test instructions, a black fixation point was displayed for 6 s against a gray background, and between each trial, the fixation point was displayed for 3 s.
Apparatus
The device utilized for the tests was a RED500 eye-tracking device from SensoMotoric Instruments (2014; sampling rate 500 Hz). WMT-2 was set in SMI Experiment Center TM version 3.7.104. All data on the eyes were collected. However, only the data for the right eye was used because the data from both eyes are usually positively correlated. Furthermore, the use of data from one eye facilitates the analysis (Glynn and Rosner, 2012; Karakosta et al., 2012; Armstrong, 2013) . For 10.89% of the duration of the task, the participants were not looking at the computer monitor or if they were, the eye-tracking device was not able to identify this. Thus, there was a loss of 10.89% of the data. The registration errors were interpolated according to the standard parameters of the SMI BeGaze TM version 3.7.104. In addition, the calibration and validation were conducted by following the standard procedures for SMI iView TM . The eye movement parameters were set as the default in SMI BeGaze TM version 3.7.104.
Procedure
This study was carried out in accordance with the recommendations of the Ethics Committee of Research of the Mackenzie Presbyterian University. All subjects gave written informed consent. The protocol was approved by the Ethics committee under CAAE number 75035917.5.0000.0084. Subjects were placed in a room and seated approximately 70 cm away from a 22" computer monitor that was equipped with the eye-tracking device. The room had constant lighting during the whole procedure; the average room luminance was 687 cd/m 2 . After the subjects were seated, calibration and validation were completed by following the standard procedure for SMI iView TM with 9-points. The instructions for WMT-2 were first displayed; this was followed by the first three trials as practice examples, which did not count toward the score. After the examples, subjects proceeded with the test. Each time the subjects selected an answer, they said the number of the item aloud. The researcher then pressed the button to proceed to the next trial.
Eye-Tracking Measures
The following variables were measured: item latency, which is the sum of the time spent on each item from its appearance until pressing the key; time on matrix, that is, the time spent on the cells of the matrix in seconds; time on alternatives, namely, time spent on answer options in seconds; proportional time on matrix and on alternatives, which is the time spent on each one of the categories divided by item latency; number of toggles, namely, the number of times the subject alternated from matrix to alternatives and vice versa; rate of toggling, which is defined as the number of toggles divided by item latency, with high rates indicating less time between each toggle; latency to first toggle, that is, time spent on the trial before the first toggle in seconds; and the MTDI, which is calculated by the sum of the time spent on cells 1, 2, 4 ,and 5 min the sum of time spent on cells 3, 6, 7, 8, and 9, with negative values indicating that observation was predominant on the last column and last row. These variables were employed by Vigneau et al. (2006) and Vakil and Lifshitz-Zehavi (2012) , but were adapted for WMT-2 (see Figure 1) . These measures were derived from the eye gaze of the participants thought the marking of the Areas of Interest (AOIs) over the matrix and the alternatives (see Figure 1 ). An AOI is a selected area, which is possible to analyze separately from the rest of the stimulus. With these AOIs, it was possible to calculate the time on the matrix and alternatives. The number of toggles was acquired each time the person's gaze moved from matrix AOI to alternatives AOI or vice versa. The MTDI was calculated from the time spent in each matrix cell AOI, obtained in the SMI BeGaze TM . The item latency was timed by the SMI BeGaze TM . All other variables were calculated through these measures. Also, pupil size was measured in the first fixation point to access the baseline pupil size. The baseline pupil size was calculated as the average pupil diameter (mm) only when the subject was fixating.
Data Analysis
Two indexes were employed to conduct the internal consistency analysis. Firstly, Guttman's Lambda-2 coefficient was utilized because research has indicated that it is a better estimate of reliability, especially when the sample is small such as in the present study (Sijtsma, 2012) . Secondly, the split-half method with an adjustment by Spearman-Brown coefficient as a measure of homogeneity of the items was employed. We divided WMT-2 between the even and odd items. We also conducted a normality test for the WMT-2 score.
We performed descriptive statistics of each measure for the full test and for every rule item group. We also used Pearson correlation coefficient to determine if there was an association between the eye movements, the pupil size and the test score. Also, to replicate the Tsukahara et al. (2016) findings with the baseline pupil size and Gf, we calculated the tertile scores of WMT-2 and used an independent sample t-test to compare the pupil diameter between the lower tertile and the higher tertile.
Finally, we performed multiple linear regression analyses. A stepwise model with all the eye movement measures as independent variables and the WMT-2 score as the dependent variable was conducted to examine the association of these variables with the test score. The same procedure was conducted for each rule item group measure. Because the Rule Type Group measures did not generate a model, we also performed linear regression analyses (backward method) with the measures of Rule Type Group. Furthermore, we followed the same models of Vigneau et al. (2006) to understand if equivalent associations were found. The first model had a MTDI and proportional time on matrix as independent variables and the second one had a MTDI and latency to first toggle as independent variables. Both employed the full test score as the dependent variable. We used the most appropriate model for the rule item groups measures to see if this association was found in the rule tokens or not.
RESULTS
Full Test Results
The analyses to obtain the WMT-2 scores showed adequate values of Guttman's Lambda-2 (0.70) and the SpearmanBrown Coefficient (0.78). The correlation between the odd and even items was moderate (0.64). These findings indicate good reliability of the WMT-2 scores for this sample. The descriptive statistics of the variables are displayed in Table 1 . The distribution of WMT-2 score was normal (skewness = 0.44, kurtosis = −1.025, Shapiro-Wilk test of normality = 0.141, n.s.). There was a positive, significant correlation of large magnitude between the task time and score in WMT-2 (r = 0.57, p < 0.001). The subjects did not look at the matrix and alternatives AOI approximately 12% of the time. Individuals toggled one time in 3.155 s on average, and there was a significant negative correlation of large magnitude between the rate of toggling and WMT-2 scores (r = −0.68, p < 0.001). The latency to the first toggle showed a positive, significant correlation of large magnitude with the WMT-2 score (r = 0.55, p = 0.001). The MTDI of the subjects did not correlate with the individuals' scores (r = 0.21, p = 0.232, n.s.). There was no significant correlation between the WMT-2 score and the baseline pupil diameter (r = −0.22, p = 0.216). The baseline pupil diameter mean was 3.52 mm (SD = 0.43). When comparing the baseline pupil size between the lower tertile (M = 3.62 mm, SD = 0.49) and the higher tertile (M = 3.61 mm, SD = 0.37) of WMT-2, there was no significant difference, t(24) = 0.80, p = 0.434.
Rule Item Groups Results
The group means are presented in Table 1 . The rule tokens item group with the highest score was the Rule Type Group, with 88.9%, and the group with the lowest score was the Graphic Component Nature Group, with 43.1%. As expected, the Graphic Component Nature Group had more item latency and the Rule Type Group had less item latency. Time on the matrix showed the same pattern as item latency, with the Rule Type Group demonstrating less time on the matrix. The same pattern occurred in time on the alternatives, with the Graphic Component Nature Group having more time on the alternatives. Proportional time on the matrix did not show significant variation; the amount was approximately 4%. Similarly, the proportional time on the alternatives varied by only 3%. The number of toggles followed the same pattern as item latency, with Rule Type having the fewest toggles. The Rule Type Group toggled once every 2.77 s in comparison to the the Rule Direction Group and Graphic Component Nature Group who toggled every 2.98 and 3.48 s, respectively. Thus, the rate of toggling varied by 0.074. Latency to the first toggle, as expected, was greater in the Graphic Component Nature Group and less in the Rule Type Group. Finally, the MTDI varied from −0.044 (Rule Direction Group) to 0.079 (Graphic Component Nature Group).
Predicting Test Score Based on the Measures
To examine the association of these variables with the WMT-2 score, multiple linear regression analyses were conducted. The correlation of the variables is displayed in Table 2 . First, a stepwise model was conducted with all the variables as independent variables and test score as the dependent variable. This generated one model (multiple R = 0.68), with the rate of toggling as the predictor. The rate of toggling could predict 45% of the variation in the full test score. This predictor had a negative correlation with the test score. The coefficients are presented in Table 3 .
The same process was conducted for the rule tokens item groups, with the percentage of correct answers for each group serving as the dependent variable. The Rule Type Group did not generate a model by the stepwise method; therefore, a backward method was conducted and this generated a significant model (multiple R = 0.72) with the following predictors: rate of toggling, proportional time on alternative, time on alternative, proportional time on matrix, time on matrix and number of toggles. These predictors could predict approximately 39% of the Rule Type Group score. The Rule Direction Group generated one model (multiple R = 0.50) with the rate of toggling as the predictor; this predictor explained 22% of the variance of the Rule Direction group score. The Graphic Component Nature Group had one model (multiple R = 0.56); the rate of toggling was the predictor. The rate of toggling could predict 29% of the variation of the Graphic Component Nature Group score. The coefficients are also shown in Table 3 .
We employed the same models as Vigneau et al. (2006) to determine whether the same associations were found. To do this, two linear regression analyses were conducted with total test score as the dependent variable: Model 1 of Vigneau et al., with the MTDI and proportional time on matrix as independent variables (multiple R = 0.30, R 2 = 0.09, adjusted R 2 = 0.03), and Model 2 of Vigneau et al., with the MTDI and latency to first toggle as independent variables (multiple R = 0.58, R 2 = 0.34, adjusted R 2 = 0.29). Finally, the most appropriate model (Vigneau et al.'s second model) was used to analyze the rule tokens item groups, but with the percentage of correct answers for each group as the dependent variable: for Rule Type Group (R 2 = 0.08, adjusted R 2 = 0.02), multiple R = 0.28; for Rule Direction Group (R 2 = 0.21, adjusted R 2 = 0.16) multiple R = 0.46; and for Graphic Component Nature Group (R 2 = 0.32, adjusted R 2 = 0.27), multiple R = 0.56. This implies that the model best predicted the variation of Graphic Component Nature Group, followed by Rule Direction Group and barely predicts the Rule Type Group.
DISCUSSION
The objective of this study was to investigate whether eye movements and strategy could predict the outcome of the WMT-2 test in the rule tokens item groups as well as to identify which measure is better for predicting scores and whether the rules tokens groups respect the same strategy. For this purpose, we adopted the measures employed by Vigneau et al. (2006) and Vakil and Lifshitz-Zehavi (2012) .
The mean percentage of correct answers was as expected based on previous studies such as those conducted by Vigneau et al. (2006) , Hayes et al. (2011), and Vakil and Lifshitz-Zehavi (2012) in the typical development group. However, the average item latency was lower in comparison with other studies. Unlike previous studies, WMT-2 was employed instead of RAPM as a measure of Gf, and this could explain the difference. Although they measure the same concept, the nature of the tests is different. The rate of toggling was as expected in comparison to Vigneau et al.'s (2006) study.
The WMT-2 has its rules clearly defined by the items, which is beneficial for analyzing intelligence in different levels of intellectual performance (Schlottfeldt and Malloy-Diniz, 2014) . The groups were different in various respects. Graphic Component Nature was more difficult than the others; eyemovement measures were influenced by that. On the other hand, Rule Type was much easier and thus, we observed lower item latency, number of toggles, rate of toggling and latency to first toggle. With respect to the level of difficulty, Rule Direction was situated somewhere between Rule Type and Graphic Component Nature. Although Graphic Component Nature had more items, Rule Direction appeared to be a better predictor of test and eye-movements outcomes; this is shown in Table 1 . Except for the MTDI and proportional times, all of the measures for the Rule Direction Group were the closest to the general results. Therefore, Rule Direction may be the best predictor of test results.
In relation to the baseline pupil size, we find an average size smaller than that of Tsukahara et al. (2016) . This was expected since our experiment was conducted under higher luminance conditions. Also, our fixation point to access the baseline pupil size was of 6 s and their fixation point was of 30 s. With that said, our results showed no difference between the pupil diameter and the Gf of the participants. Additionally, no correlation was found between the baseline pupil size and the intelligence test score. In fact, the tendency was a negative correlation. Unsworth and Robison (2017) also could not replicate Tsukahara et al. (2016) findings. A possible explanation would be that this phenomenon is only observable under lower luminance conditions. Coyne et al. (2017) also conducted a similar experiment under higher luminance conditions and did not obtain significant correlations, but their tendency was a positive correlation.
In all three rule tokens item groups as well as in the test score regression analysis, the rate of toggling emerged as a fundamental measure. The regression analysis explained approximately 45% of total score: this is similar to that of the models of Vigneau et al. (2006) and Hayes et al. (2011) . The rate of toggling may be defined as the number of toggles standardized by time. This is an important measure for predicting strategy (Bethell-Fox et al., 1984; Vigneau et al., 2006) . Individuals that utilize a constructive matching strategy should make fewer comparisons and have a lower rate of toggling, while individuals who employ response elimination strategy should carry out more toggles and have a higher rate thereof. With our regression models, as expected, the rate of toggling proved to be the best measure for distinguishing strategy, and predicting test outcomes and rule tokens results. This measure also indicated, through the Beta coefficient, that fewer comparisons should mean more right answers. Furthermore, it is important to emphasize that this measure was found in the three rule tokens required in this test and thus, indicates that it is a more suitable variable for rule research as well as a more credible and universal measure. In addition, all rule tokens item groups respect the same strategy once the rate of toggling emerged in the three groups as the significant predictor and with a negative Beta. This indicated that fewer comparisons equate to more points on the intelligence test.
The MTDI helps one to understand whether subjects tend to focus their analysis in the last row and column. Those that limit their analysis to this part of the matrix should make more errors (Vigneau et al., 2006) . In our study, the MTDI displayed a poor correlation with the percentage of correct answers; this differs from the findings of Vigneau et al. (2006) . It is possible that this index may not fit WMT-2 matrix logic. The MTDI was employed by only a few studies outlined in the literature review; however, Hayes et al. (2011) used this index and found poor predictability for RAPM score (R 2 = 0.02). Therefore, the MTDI may not be the best variable for predicting test outcomes, but rather may serve as a qualitative tool for understanding eye movements.
When the regression models by Vigneau et al. (2006) were performed, the first did not fit with our study (R 2 = 0.09). However, when performed for the rule tokens item groups, for the second model, although it showed the same adjusted R 2 = 0.29 as Vigneau et al., only the Graphic Component Nature Group had a similar adjusted R 2 . Consequently, this may imply that this model does cannot predict WMT-2 results, but rather, only for Graphic Component Nature scores. Our regression model showed the adjusted R 2 = 0.29, a result that was close to that in their model.
Is important to note that WMT-2 is a computerized test (Malloy-Diniz and Schlottfeldt, in press) while RAPM is a virtual adapted version of the paper-and-pencil test. However, the full WMT-2 test was utilized for this study while other studies have generally employed a short version of RAPM that consists of only 14-28 items out of a total of 36. In this study, we were able to use the full test; the sessions took less time than those of studies that used the short version of RAPM. We strongly encourage the use of WMT-2 in studies with computerized intelligence tests.
These results are important in demonstrating the difference between the participants when performing the test. They show how intelligent subjects can allocate their attention in a more efficient way. The subjects with better Gf scores could better divide their time in each one of the AOIs and find the relevant variations of the test. The lack of toggle between the matrix and alternatives indicate a better process of investigating the relevant information in each AOI and then making the decision. It is possible that subjects have an optimal time to identify the variation patterns in the matrix and then go to the alternatives. One may also infer that the strategies are related to working memory. The constructive matching strategy should allow them to gather more information and hold onto it until the decision regarding the alternative has been made. The response elimination strategy may be linked to low working memory and thus, the subject would have to move between the matrix and the alternatives to retain the information. The correlation of working memory and fluid intelligence is not a novel concept (see Engle et al., 1999; Conway et al., 2003) . Rather, working memory is a fluid intelligence predictor (Conway et al., 2002) . Furthermore, the difficulty of fluid intelligence tests is correlated with working memory because the harder the task is, the more information the subject has to retain to find the correct answer (Little et al., 2014) .
In relation to the data, eye-tracking is a good method for understanding the strategies because it is possible to infer the strategy from the data collected. Techniques like electroencephalography or functional magnetic resonance imaging still cannot give you direct access to the strategy the person is employing although various studies have investigated this (see Liang et al., 2014) . Questionnaires about the strategy that the subject used can also be employed in this type of study. However, questionnaires are less trustworthy and the sort of data that is collected was not appropriate for the type of analysis that we wanted to conduct.
We opted always to present the stimuli in the same way, that is, with the matrix on the left side and the alternatives on the right so as preserve the characteristics of the test. Although not usual, other studies should mirror the stimuli to see if the results are not because of the position of the stimulus. In other words, other studies should look for position effects in eye-tracking studies when dealing with matrix-based tests. Our study did not have a measure of working memory. With respect to the hypotheses of the present study, we highly recommend the use of working memory measures in studies related to strategies in matrices tests. Furthermore, it is important to note that the study had 34 participants; all of whom were university students. Therefore, it is recommended that the study should be replicated in larger and diverse populations. In addition, with the importance of strategies for solving problems being highlighted and considering human cognitive development, a study with children to demonstrate at what point of the development they begin to utilize both strategies, equal to those used by adults, is necessary. Studies that differentiate the application of these strategies between men and women can also be beneficial so as to understand the characteristics of the use of strategies of resolution. Furthermore, new methods are emerging as tools so as to have a more superior understanding of individual differences in intelligence (Hayes and Petrov, 2016) and for understanding test strategies (Hayes et al., 2011) . These should be employed in future studies in this area.
To conclude, it is possible to predict approximately 45% of test results with eye movements and a significant amount between rule tokens item groups. In addition, the rate of toggling was shown to be the most reliable measure for predicting scores in this study. Finally, it was revealed that all the rule token item groups respect the same strategy, as proposed by Bethell-Fox et al. (1984) and Vigneau et al. (2006) with regard to constructive matching strategy. In other words, fewer comparisons equal more right answers.
